Exploring the "Twitter Effect:" An Investigation of the Impact of Microblogging Word of Mouth on Consumers' Early Adoption of New Products
"The Internet is enabling conversations among human beings that were simply not possible in the era of mass media."
-The Cluetrain Manifesto (Levine et al. 2000, p. XXII) Recent world events, such as Iran's last presidential election and the Arab Spring movement, have compellingly demonstrated the power of microblogging for the rapid spread of information among networked individuals (Kaplan and Haenlein 2011) . Microblogging refers to the broadcasting of brief messages to some or all members of the sender's social network through a specific web-based service. Although various microblogging services exist, Twitter has become synonymous with the concept; it alone boasts more than 100 million active users and processes approximately 250 million messages every day, more than 40% of which are posted "on the go" using mobile devices (Parr 2011a (Parr , 2011b . potentially very large number of consumers with a single message (which EWOM can, but TWOM cannot), enables real-time information sharing among consumers from any place, and relies on a personal connection between the sender and receiver (both of which TWOM can, but EWOM cannot). This unique combination of characteristics implies that MWOM can reach a vast number of consumers at unprecedented speed.
The aim of this research is to investigate whether MWOM, due to its unique characteristics, influences the success of new products by shifting consumers' early adoption behaviors. Such a "Twitter effect" 1 (Corliss 2009 ) would have strong implications for products that depend on instant success upon their release -at a point in time when consumers are unable to judge their "true" quality and must make adoption decisions mainly on the basis of promotional material.
Examples of such products include experiential media products (e.g., movies, music, electronic games), but also products that benefit from a hyped release (e.g., Apple's iPhones and iPads).
Among motion picture industry experts and journalists, for example, proponents of the "Twitter effect" blame MWOM for the immediate failure of multimillion projects such as Brüno and G.I. Joe, as well as for the unexpected opening successes of Transformers and The Karate Kid, despite their negative reviews by professional critics (e.g., Corliss 2009; Lang 2010) . If MWOM does affect the early adoption of new products, investments in risk-intense products would become even riskier and less attractive, because MWOM threatens to decrease the share of revenues that remain unaffected by consumers' quality perceptions of the product. Although this goes beyond the scope of this research, the importance of action-based cascades, such as opening weekend box office lists for movies, implies that the "Twitter effect" could also influence subsequent revenues, because a large number of consumers base their purchase decisions on such quality-neutral information (Bikhchandani, Hirshleifer, and Welch 1992) .
However, despite anecdotal evidence in support of the "Twitter effect", it is far from certain that MWOM exerts such an impact. Other industry insiders and journalists (e.g., Goldstein and Rainey 2009) question its existence, and a large-scale study of the media habits of moviegoers reveals that approximately half of the respondents self-report that they rely only on TWOM when making purchase decisions, but ignore MWOM (Lang 2010) . Moreover, MWOM's very short message content has been criticized for limiting the amount of information that can be transmitted and thus limiting the impact of that information (Dugan 2010; Goldstein and Rainy 2009; Lang 2010) .
In this study, we address this debate and advance the word-of-mouth literature in marketing.
Specifically, we aim to make three contributions: First, we introduce and conceptualize the concept of MWOM and position it in relation to TWOM and EWOM. Second, we develop a conceptual model of MWOM's impact on the early adoption of new experiential media products,
including its boundary conditions. Third, we test our model empirically for the early adoption of new movies, drawing on a unique data set of all MWOM messages sent via Twitter that pertained to 105 widely released movies during their respective North American opening weekend. Based on sentiment analysis and seemingly unrelated regression analyses, we find support for the "Twitter effect." Comparing the findings with a second sample of matched movies from the pre-MWOM era confirms that the "Twitter effect" is indeed a result of the early availability of post-purchase quality-related information from consumers, as enabled by MWOM.
THEORETICAL BACKGROUND
One of marketing's law-like generalizations states that word-of-mouth communication is a key information source for consumer decision making (Arndt 1967; Godes and Mayzlin 2004) .
Over the years, different types of word-of-mouth communication have emerged as a result of technological innovations. We briefly summarize key concepts and position MWOM within the word-of-mouth literature.
The Role of TWOM and EWOM in Consumer Decision Making
Building on initial work on opinion leaders by communications scholars Katz and Lazarsfeld (1955) , Arndt (1967) offered a first discussion of the defining characteristics of word of mouth.
To distinguish this original type of word-of-mouth communication from later types, we refer to it as traditional word of mouth (TWOM). Arndt (1967) describes TWOM as face-to-face communication about a commercial entity or offering between consumers, emphasizing its unbiased and personal character. Although he does not explicitly distinguish between evaluative post-purchase communication and anticipatory pre-purchase communication, ensuing TWOM research has focused mainly on the former. Early TWOM research stressed the role of positive word of mouth (i.e., recommendations or referrals) for product adoption decisions (Bass 1969; Dodson and Muller 1978) ; interest in negative word of mouth only arose in relation to the consumer satisfaction concept in the 1980s, and was considered a consequence of a consumer's dissatisfaction with a product (Richins 1983; Singh 1990 ). In addition to word of mouth as a diffusion parameter, TWOM research has also dealt with a consumer's decision to spread positive or negative word of mouth (de Matos and Rossi 2008) , with TWOM as the dependent variable (Anderson 1998) .
The rise of the Internet then enabled a new type of word-of-mouth communication: EWOM (Godes and Mayzlin 2004) . EWOM refers to online posts from mostly anonymous consumers regarding a commercial entity or offering, that are visible to potentially millions of consumers, and available for an indefinite period of time (Hennig-Thurau et al. 2004 ). However, EWOM lacks the interpersonal connection between the sender and the receiver that is typical of TWOM, which reduces its persuasive impact (Chatterjee 2001) . As a result of EWOM's observable nature, scholars can analyze actual messages that consumers post, which has led to a differentiation between message sentiment (i.e., valence) and the amount of messages (i.e., volume). Findings regarding the role of the valence dimension in driving sales are conflicting though: Chevalier and Mayzlin (2006) and Chintagunta, Gopinath, and Venkataraman (2010) report that EWOM valence affects product sales, whereas Liu (2006) finds no relation to success.
The volume dimension of EWOM does not carry any quality information but rather captures the "buzz" (i.e., awareness and interest) that a commercial offering generates among consumers (Ho, Dhar, and Weinberg 2009) . Most research has found an influence of EWOM volume on product adoption and sales (e.g., Godes and Mayzlin 2004 and Liu 2006) , though Chintagunta, Gopinath, and Venkataraman (2010) do not.
MWOM as New Type of Word-of-Mouth Communication
Microblogging word of mouth (MWOM) combines key elements of TWOM and EWOM that are essential for their respective effectiveness. We define MWOM as any brief statement made by a consumer about a commercial entity or offering that is broadcast to some or all members of the sender's social network through a specific web-based service (e.g., Twitter can yet exert an impact. With Figure 1 we illustrate how MWOM combines characteristics of both TWOM and EWOM and thus emerges as a new type of word-of-mouth communication.
-------------- Figure 1 
approx. here--------------
Empirical research on MWOM is still in an embryonic stage. Jansen and colleagues (2009) collect data from Twitter but limit their insights to descriptive findings. For 24 movies, Asur and Huberman (2010) use the rate of tweets to predict opening weekend box office, and combine this measure with the tweets' valence to predict the subsequent weekend box office. However, they do not control for other types of word-of-mouth communication (e.g., EWOM) or producer signals (e.g., advertising) when studying subsequent success, so while their findings might shed light on the predictive potential of MWOM, they do not reveal whether MWOM causally affects early adoption and success. To date, no published study has tested the "Twitter effect"-that is, the impact of quality-related consumer information spread through MWOM messages on early product adoption.
CONCEPTUAL MODEL AND HYPOTHESES
We summarize our conceptual model and hypotheses in Figure 2 . We argue that the quality judgments of consumers, articulated and spread immediately after the release of a new product through MWOM, should influence subsequent early product adoption. This impact constitutes the "Twitter effect." We posit that two boundary conditions moderate the strength of this "Twitter effect," namely, the volume of evaluative MWOM articulated immediately after the release of a new product and the differing susceptibility of different consumer segments to MWOM.
The "Twitter effect" has particular economic relevance for industries characterized by short lifecycles and exponentially decaying adoption patterns, such as experiential media industries (e.g., movies, music, electronic games), as those industries' business models rely heavily on large-scale early adoption. For example, approximately 50% of album sales of hit music (Asai 2009 ), 46% of movie ticket sales for major movies (Hayes 2002) , and 40% of game revenues (www.vgchartz.com) are generated in the first week of release. Before the advent of MWOM, consumers faced information asymmetry and had to make early adoption decisions for experiential media products on the basis of producer-provided quality signals only (e.g., advertising; Kirmani and Rao 2000) , as very limited quality judgment of other consumers were available and professional reviews are usually of limited informational value for consumers (Eliashberg and Shugan 1997) .
We argue that it is at this point that MWOM fundamentally challenges the status quo. The interaction between MWOM valence and MWOM volume, articulated immediately after a new product's release, should capture the reach of evaluative MWOM messages. This reach in turn should moderate the "Twitter effect." Specifically, we expect a high MWOM volume to amplify the impact of quality information contained in evaluative MWOM messages, whereas a low volume should reduce its impact. We summarize this argument in our second hypothesis:
The impact of the valence of MWOM messages spread by consumers who have experienced a new experiential media product immediately after its release ("MWOM valence") on the product's subsequent early adoption varies with the overall volume of these MWOM messages ("MWOM volume").
Moreover, we propose that consumer segments vary in their susceptibility to MWOM influences, which should moderate the "Twitter effect" as a second boundary condition. We focus on two consumer segments that are nowadays widely considered crucial for the success of experiential media products, namely, teenagers and families (e.g., Epstein 2010; Fromme 2003).
We are not aware of any research on consumers' susceptibility to MWOM influence; however, existing consumer research has demonstrated that consumers vary in their susceptibility to reference group influences in general (Childers and Rao 1992) . Existing consumer research has shown that teenagers are particularly susceptible to peer influence in the context of shopping decisions, and that they enjoy their shopping experiences more when they are shared with and validated by respected peers (Bachmann, Roedder John, and Rao 1993; Mangleburg, Doney, and Bristol 2004) . Building on these findings, we expect that teenagers' purchase decisions are more strongly influenced by MWOM messages than are those of average consumers and that the relationship between MWOM valence and product adoption is stronger for these consumers. As a result, the early adoption of experiential media products whose core target group consists of teenagers therefore should be more strongly affected by the "Twitter effect" than should products that focus on other target groups.
Families, as a second key target group for experiential media products, are decision-making entities that must negotiate joint decisions across individual members (Commuri and Gentry 2000) . Although parents are the dominant decision-makers, children exert considerable influence on particular sub-decisions, such as leisure activities like vacations, movie attendance, and television viewing (Jenkins 1979; Mangleburg 1990) . No research, to the best of our knowledge, has explicitly examined families' susceptibility to outside influences such as MWOM, but the negotiated nature of entertainment-related consumption choices suggests that family decisions should be less affected by MWOM valence than those of average consumers. Consistent with this argument, recent research on family identity and its role in family decision making has highlighted the importance of leisure activities as opportunities for family identity enactment through collective experiences (Epp and Price 2008) . The centrality of collective experiences to family identity implies that the overall joint consumption experience is only partly influenced by the (anticipated) quality of a new experiential media product, so that valenced information about product quality transmitted by MWOM should play a lesser role in family decisions.
Consequently, we expect the early adoption of experiential media products whose core target group are families to be less strongly affected by the "Twitter effect" than the early adoption of products that focus on other target groups. We offer our third and final hypothesis:
The impact of the valence of MWOM messages spread by consumers who have experienced a new experiential media product immediately after its release ("MWOM valence") on the product's subsequent early adoption varies for different consumer segments according to their susceptibility to MWOM influence, such that the impact is (a) stronger for experiential media products targeted at teenage consumers, and (b)
weaker for experiential media products targeted at families.
EMPIRICAL STUDY: TESTING THE "TWITTER EFFECT"

Context, Research Design, and Sample
To test our hypotheses, we collected data in the context of the motion picture industry. We chose movies because (a) they are an economically important category of experiential media products, (b) the debate about the existence of the "Twitter effect" is prominent for movies, and (c) we were able to compile data on daily revenues and important controls (e.g., advertising spending) for major new releases. Since we are interested in early product adoption, we focused on movies' opening weekend. Early adoption is critical for movie success and accounts for approximately 46% of total movie ticket sales (Hayes 2002) ; research provides evidence of additional effects on future consumer adoption decisions and distribution choices (e.g., Elberse and Eliashberg 2003) . In North America, movies are generally released in theaters on Fridays.
We thus use the valence of MWOM messages sent within the first 24 hours after a movie's release on Friday by consumers who viewed the movie and study its impact on the movie's North American theatrical box office revenues for the remainder of the weekend (i.e., Saturday and Sunday). In other words, Saturday and Sunday box office revenue is our measure of subsequent early new product adoption. As both TWOM and EWOM for new movies require more time to spread on a large scale (even popular EWOM sites such as the Internet Movie
Database IMDb generally do not report consumer opinions before Monday), this research design allows us to isolate the potential impact of MWOM.
We collected data on all movie titles that were widely released in North American theaters (i.e., shown simultaneously in more than 800 theaters at their release) between October 2009 and October 2010; we excluded 11 titles that were released on different days of the week to avoid any possible bias. 3 The final sample consists of 105 movie titles (see the Appendix for a complete list).
Empirical Model
The dependent variable in the empirical model that we developed to test our hypotheses was the total North American box office revenue generated by a movie on the Saturday and Sunday of its release weekend. As independent variables, we included the MWOM valence of evaluative, post-purchase messages sent within the first 24 hours after a movie's Friday release; the interaction of MWOM valence and the overall volume of these evaluative MWOM messages;
and the interactions of MWOM valence with a movie's target groups of teenagers and families.
We also included a number of control variables derived from extant motion picture research to rule out alternative explanations and confounding effects.
Specifically, we included the release day (i.e., Friday) revenues as a control, so the model only focuses on that part of the Saturday and Sunday box office that is not accounted for by the general appeal of the movie, which already has been reflected in its release day success. Therefore, our model targets the variation of Saturday and Sunday box office from the release day success, not the absolute success of the movie. With this model specification, we ensured Granger (1969) causality when testing for the "Twitter effect."
We also controlled for potential influences of established determinants of motion picture success, namely, a movie's starpower (Elberse 2007) , whether it is a sequel (Hennig-Thurau, Houston, and Heitjans 2009), the production budget (Basuroy, Chatterjee, and Ravid 2003) , advertising spending (Elberse and Eliashberg 2003) , and its pre-release buzz (Karniouchina 2011) . We also included professional critics' ratings (Basuroy, Chatterjee, and Ravid 2003) , the only independent quality judgment available upon a movie's release. To estimate the interaction effects, we also included the respective main effects, namely, evaluative, post-purchase MWOM volume and the movie's target groups (teenagers and families).
In a separate equation, we used release day revenues as the dependent variable and the aforementioned success factors as independent variables. We did so to account for the established effects of these variables on release day success. Because the release day success variable is also included in the Saturday and Sunday box office revenues equation as an independent variable for the reasons mentioned above, this equation helped us avoid model misspecifications.
We followed Elberse and Eliashberg (2003) and chose a multiplicative log-linear model formulation, as shown in Equations 1 and 2:
(1) 
REV_SUB is the North American theatrical box office revenues generated by a movie during the Saturday and Sunday after the movie's release; REV_REL is the North American theatrical box office revenues generated by a movie on its release day (i.e., Friday); MWOMVAL is our measure of MWOM valence; and MWOMVOL is our measure of MWOM volume. AUDFAM
and AUDTEENS are dummy variables that indicate whether a movie's main target group is families or teenagers, respectively; X is a vector of metric control variables (i.e., a movie's budget, amount of advertising spent for the movie before its release, its pre-release buzz, and its reception by professional critics); D is a vector of dummy-coded control variables (i.e., the movie's starpower and whether it is a sequel to a previous film); and ME is a vector that consists of the main effects of the two target group variables.
In Table 1 we provide a description of all variables in our empirical model, their operationalization, and their empirical and intellectual sources. For the key concepts of MWOM valence and the moderators (i.e., MWOM volume and the two customer segments, teenagers and family), we provide additional details about their operationalization below. English-language MWOM messages spread about the movies in our sample through Twitter.
Although it is not possible to collect information about the number of followers per tweet due to
Twitter's privacy policy, the Max Planck Institute (2011) estimated that the average number of followers per Twitter user is approximately 45, which suggests that the tweets in our sample have reached roughly 182 million consumers total.
Using this information, we operationalized MWOM valence as the quotient of all positive tweets a movie received on its opening Friday and the following Saturday until noon, divided by the number of negative tweets for the movie within the same time period. To determine the valence of the individual tweets, we ran a multistage sentiment analysis. Prior to the actual analysis, we eliminated all tweets with identical content by the same author and those not written in Latin script. The sentiment analysis then involved two steps. First, all remaining tweets were classified into one of three groups: (1) spam, non-English tweets, and tweets not related to the movie in question, (2) movie-related tweets that contained no post-consumption quality assessment (mostly anticipatory statements such as "I look forward watching MOVIE A tonight"), and (3) evaluative, post-consumption tweets (movie "reviews"). Second, we divided the third group into positively and negatively valenced tweets using sentiment analysis.
The analysis was executed simultaneously for all movies, employing the open-source data mining software WEKA (Bouckaert et al. 2010; Hall et al. 2009 ). Initially we manually coded 51,000 randomly selected tweets into the three aforementioned categories. Using 65% (i.e., 33,150) of these coded messages as input, we trained the algorithm of a support-vector machine (SVM) to build a model to classify cases into categories. Through a decomposition of the manually coded tweets into their elements (i.e., single words and word groups), these elements were used to calibrate the model, identifying each element's discriminatory power. More formally, a vector was assigned to all words and word groups and mapped into a multidimensional space. The SVM then fitted a hyperplane that divides all training points (i.e., vectors) into two classes, such that it maximized the distances between the hyperplane and the nearest training points. Then the SVM identified those words and word groups whose vectors showed the greatest distance from the hyperplane and assigned a parameter to each, indicating the strength of association with a particular category. The words and word groups with the highest discriminatory power were used for further analysis (Pang, Lee, and Vaithyanathan 2002) .
We next applied the SVM to classify all other (non-coded) tweets. Using the sequentialminimal-optimization algorithm, the SVM searched for the previously identified words and word groups in each of these tweets. The previously determined parameters of the recognized words and word groups were then used to calculate the degree to which each tweet was associated with the different categories, resulting in the final classification of all collected tweets (Keerthi et al. 2001; Platt 1999) . To determine the predictive power of this classification analysis, we ran an out-of-sample test with the remaining 35% (i.e., 17,850) of the manually coded tweets that were not used to calibrate the model. These tweets were classified as positive and negative reviews, with an accuracy level of 90.2%-higher than most other studies that use sentiment analysis to code online consumer articulations on the web (e.g., Das and Chen 2007) , which may be a result of the brevity of MWOM messages compared with EWOM messages.
Moderator variables. Drawing on the same data and classification results we used to measure MWOM valence, we operationalized MWOM volume as the number of the evaluative, postconsumption tweets for a movie (movie "reviews") sent on a movie's opening Friday till the following Saturday until noon. For the customer segment moderators, we classified each movie according to three nominally scaled variables: "teenagers as main target group," "family as main target group," and "other main target group." This classification relied on Jinni.com, a site on which experts assign movies to audience groups. For this research, we reduced an original sixgroup classification to three groups by merging Jinni's "family outing" and "kids" categories, using its "teens" category, and then including all movies not assigned to one of these groups in the "other main target group" category.
To create the interaction terms between MWOM valence and MWOM volume, we used Lance's (1988) residual centering approach to minimize the potential multicollinearity between the interaction term and the main effects (Bottomley and Holden 2001; Hennig-Thurau, Houston, and Heitjans 2009 ). Residual centering is an effective, conservative test for interaction effects of metric variables; it assigns only that part of the variance to the interaction term that is not explained by the main effects and does not suffer from problems associated with mean-centering (Echambadi and Hess 2007) . We used the raw product terms for the interactions between MWOM valence and the two target group variables, as the latter are dummies which limits the usefulness of residual centering.
Estimation
To estimate the system of Equations 1 and 2, we first linearized these equations, which resulted in Equations 3 and 4: 
LN REV_SUB ß ß LN REV_REL ß LN MWOMVAL ß LN MWOMVOL ß LN MWOMVAL MWOMVOL ß MWOMVAL AUDFAM ß MWOMVAL AUDTEENS
ß LN X ß D ß ME               (4)
Results
Descriptive statistics.
Of the approximately four million tweets we collected, 829,576 were classified as evaluative, post-consumption MWOM. The number of review tweets per movie varied; the mean is 38,527. Consistent with previous studies on MWOM (e.g., Asur and
Huberman 2010) and also EWOM (e.g., Chevalier and Mayzlin 2006) , the reviews were more positive than negative. Figure 3 depicts the number of movie-related tweets sent throughout the opening weekend, differentiating between movie "reviews" and pre-purchase movie-related tweets that did not contain quality information. Friday was the most active day in terms of spreading MWOM; approximately 51% of all movie-related tweets (2,072,731) and 65% of movie "reviews" (543,836) were sent from Friday till the following Saturday until noon. Both kinds of tweets peaked on the opening day and declined thereafter. Across all three days of the weekend, review tweets peaked at around 11:00 p.m. Eastern Daylight Time, which is about three hours after the peak of non-review tweets. This distribution appears consistent with our prediction that most non-review tweets would be sent shortly before the screening (expressing anticipation), whereas movie "reviews" are mostly sent after the screening (expressing evaluation). Table 2 reports the basic descriptive statistics and correlations.
-------------- Figure 3 and Table 2 
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Hypotheses tests. The overall fit of the model was good, with R-square values of .62 for the REV_REL equation and .98 for the REV_SUB equation (which included the release day revenues as a regressor). Multicollinearity was below critical levels and thus not a problem (Hair et al. 2006 ). The variance inflation factor (VIF) for MWOM valence, our key construct, was 2.6, and the highest VIF of all regressors was 5.2 (for the interaction between MWOM valence and teenagers as the main target group).
As we report in Table 3 , the results of the SUR estimation provide support for H 1 and thus for the existence of the "Twitter effect." The MWOM valence parameter in the REV_SUB equation is positive and significant, consistent with our expectations: MWOM valence spread immediately after a new movie's release systematically influences other consumers' decisions about whether to attend a screening of the movie during the remainder of its opening weekend.
-------------- Table 3 
For the moderator hypotheses, we found mixed support. The SUR parameter for the interaction between MWOM valence and MWOM volume is in the expected direction but not significant (p = .105); we thus do not find support for H 2 . For H 3 , the interaction between MWOM valence and teenagers as the main target group is also non-significant (p = .96).
However, the interaction between MWOM valence and families as the main target group is significant and negative, as theoretically proposed (p < .01). The positive effect that MWOM valence exerts on subsequent early product adoption is attenuated if families are the main target group. Thus, though we do not find support for H 3a , we do find support for H 3b .
The parameters of the controls are generally consistent with extant theory. Anticipatory buzz about a new movie has the strongest effect on release day revenues, followed by whether the movie is based on a prominent brand (e.g., sequel) and then its production budget (as an indicator of the movie's production values). Critical reviews are only marginally significant, while pre-release advertising and starpower are not. We might speculate that their effects are accounted for by both the buzz a movie creates and its production budget.
Regarding Saturday and Sunday revenues, family-targeted movies show a positive main effect, and the production budget also positively affects the remainder of the opening weekend.
The sequel variable, MWOM volume, buzz, and advertising all exhibit negative coefficients in this equation (though non-significant for the latter two). All of these variables are skewed toward release day revenues (compared with the remainder of the weekend) and are particularly high for movies that drive large audiences into theaters on a movie's opening night. Because we controlled for release day revenues in Equations 1 and 3, their negative parameters in the latter equation would indicate that movies that have strong brands and are accompanied by high MWOM volume, buzz, and advertising tend to peak on their release day, when the fan base crowds theaters, and then attract relatively smaller audiences on the days that follow. In other words, their parameters in this system of equations must not be confused with causal effects.
FOLLOW-UP ANALYSIS OF THE ROLE OF QUALITY-RELATED INFORMATION FOR THE "TWITTER EFFECT"
Our analysis thus far has provided empirical support for the existence of the "Twitter effect,"
in that the valence of consumer judgment about a new experiential media product spread through MWOM affects subsequent early adoption and new product success. A key assumption embedded in this argument is that the information about a product's quality, as perceived by consumers, is responsible for this effect. To provide additional support for our main hypothesis and rule out alternative explanations, we conducted a follow-up analysis in which we substituted MWOM valence with a direct aggregate measure of consumers' quality perceptions of a new product, a concept referred to in the literature as ordinary evaluation (Holbrook 2005; Holbrook and Addis 2007) . We then compared the effect of this ordinary evaluation on subsequent early adoption between a "MWOM period" sample and a "pre-MWOM period" sample of movies.
That is, we tested the effect of ordinary evaluation on the box office revenues generated by a movie during the remainder of its initial weekend (i.e., Saturday and Sunday), when entered into our early adoption equation (i.e., Equations 2 and 4) as a substitute for MWOM valence for the two different samples.
The first sample contained the recently released films we used in our preceding analyses; it represents the "MWOM period" sample. The "Twitter effect" would suggest that ordinary evaluation has an effect in this sample, because MWOM enables the instant spread of postpurchase evaluations. The second sample comprised similar movies that were released before Twitter and other MWOM services became popular and thus before the spread of qualityinformation through MWOM was possible for consumers; we thus refer to it as the "pre-MWOM period" sample. To identify these "similar movies," we drew on a comprehensive database of should have no discernible effect on subsequent early adoptions in the pre-Twitter era.
As a proxy for ordinary evaluation, we collected each movie's rating on the video rental site Netflix, the leading North American provider of DVD-by-mail and VOD movie streaming, for both the "MWOM period" and "pre-MWOM period" samples. These Netflix ratings reflect the quality perceptions of its 23 million North American customers, a mainstream audience (Mullaney 2006) that is consistent with the definition of ordinary evaluation as a measure of the taste of "ordinary" consumers (i.e., non-experts or members of the mass audience; Holbrook
2005).
Matching Approach
To compare the role of ordinary evaluation on subsequent early adoption for two time periods (i.e., "MWOM period" and "pre-MWOM period"), we needed to ensure that the samples did not differ systematically, which might have distorted the results. For example, such differences might arise from structural changes in the movie industry's selection process, which currently focuses more on so-called "tentpole" pictures (e.g., Avatar), and on franchises (e.g., Pirates of the Caribbean), while producing fewer medium-budgeted, unbranded films.
To generate such a sample for the "pre-MWOM period," we applied propensity score matching, a statistical matching procedure (Rosenbaum and Rubin 1983) , and used the propensity scores for each of the movies generated by this approach to identify a "twin" for each of the 105 movies in our "MWOM period" sample, using nearest neighbor estimation.
Propensity score matching has been developed to remove selection biases between treatment groups and no-treatment groups in non-experimental settings (for applications in marketing, see Mithas and Krishnan 2009 and von Wangenheim and Bayón 2007) . In our case, the treatment is time and the changes in the movie industry that accompany it. Consequently, the "MWOM period" movies represent the treatment cases, and the "pre-MWOM period" movies are the notreatment cases.
Propensity score matching applies probit regression (with the "MWOM period" variable as the dependent variable, coded 0 or 1 for each movie) to generate a propensity score for each sample element, which then provides the basis for the subsequent steps. As the regressors, it uses a set of variables that should differ systematically between the treatment (i.e., "MWOM period") and no-treatment (i.e., "pre-MWOM period") cases and that also affect the outcome variable (i.e., subsequent early adoption). Therefore, we used a set of movie characteristics that previous research has found to influence box office success, as discussed in the context of Equations 1 and 2. We report the model and results of the probit regression estimation in Table 4 . The regression function was highly significant and, with a pseudo-R-square value of .22, able to explain differences between the two groups.
-------------- Table 4 
approx. here--------------
We used the resulting propensity scores to identify "nearest neighbors" for each movie in the "MWOM period" sample; the nearest neighbor from the "pre-MWOM period" sample was the movie with the smallest Euclidean distance to an "MWOM period" movie's propensity score.
We chose nearest neighbor estimation over alternative algorithms such as Kernel matching, as the latter does not identify one twin for each sample unit but rather would use a weighting score, which is inconsistent with our application of seemingly unrelated regression for the subsequent early adoption equation.
As Table 5 shows, all mean differences between the treatment and no-treatment cases that were significant before the matching process (i.e., budget, advertising, pre-release buzz, ordinary evaluation, and teenagers as target audience) became insignificant after the matching. As another proof of matching effectiveness, we find that when we reran the probit regression with the matched sample, the pseudo-R-square value was substantially smaller after matching (.03) than before. Thus, propensity score matching successfully removed differences between the "MWOM period" and the "pre-MWOM period" samples, allowing us to compare the SUR coefficient for the ordinary evaluation variable in the subsequent early adoption regression.
-------------- Table 5 
SUR Results for "MWOM Period" and Matched "Pre-MWOM Period" Samples
In the final step, we estimated our system of equations again using SUR for both samples, so that we could determine if ordinary evaluation had a significant effect on box office revenue in either time period. In other words, we tested if the ability to spread quality-related information has changed over time and can influence subsequent early adoption of movies today, which would be additional evidence of the proposed "Twitter effect." We ran SUR separately for the "MWOM period" and "pre-MWOM period" samples, essentially replicating Equations 3 and 4.
The only changes were that we substituted MWOM valence with ordinary evaluation and excluded the valence-based interactions. We report the results in Table 6 .
-------------- Table 6 
approx. here--------------
Consistent with our theoretical arguments, ordinary evaluation had no significant effect on subsequent early adoption in the "pre-MWOM period" sample (p = .99). In contrast (but in line with our arguments), in the "MWOM period" sample, we find that ordinary evaluation exerts a significant positive effect on subsequent early adoption (p < .05). Thus, our matched sample follow-up analysis provides evidence that the "Twitter effect" of MWOM valence indeed results from MWOM's power to spread consumers' ordinary evaluation (i.e., their post-purchase quality evaluations of a new product) rapidly among large groups of relevant consumers, which then affects the new product's early adoption.
DISCUSSION, IMPLICATIONS, AND RESEARCH OPPORTUNITIES Summary
This research introduces the concept of MWOM to the marketing literature, extending previous research on TWOM and EWOM. MWOM differs from these concepts in that it combines the personal influence element of TWOM with EWOM's ability to reach very large audiences, while at the same time drastically increasing the speed of information dissemination.
We argue that MWOM challenges existing business models adopted by producers of experiential media products, because it reduces the information asymmetry typical for these products, whose adoption follows an exponential decay pattern and whose initial successes are amplified through action-based information cascades.
We developed a conceptual model of this "Twitter effect," including boundary conditions in the form of moderator effects, and tested the proposed effect using all MWOM messages sent through Twitter during the opening weekends of 105 movies widely released in North American theaters between October 2009 and 2010. Our findings support the existence of the "Twitter effect," the intensity of which varies with a movie's target group, such that it is weaker for family films. Our follow-up analysis with a matched sample of 105 movies released before MWOM became a mass phenomenon (i.e., between 1998 and 2006) suggests that the "Twitter effect" is indeed the result of the quick spread of consumers' post-purchase quality evaluations of these movies, as enabled by MWOM.
Managerial Implications
These findings have substantial implications for marketing managers, particularly those who are responsible for the success of experiential media products. Most significantly, our findings demonstrate that the information asymmetry between producers and consumers which traditionally exists at the release of a major experiential media product is indeed reduced by the availability of MWOM. We provide evidence that for motion pictures, MWOM helps spread evaluative post-purchase quality opinions about experiential media products so quickly and widely that it significantly affects subsequent adoption behaviors already on the next day.
As a result of the rise of MWOM, managers responsible for such products have less of a "buffer" to insulate them from consumer opinion. Consider the disappointing opening weekend box office results for the movie Brüno, whose sales plummeted 40% from Friday to Saturday and lost even more momentum going into Sunday, supposedly due to negative MWOM spread on Twitter ( Van Grove 2009) . The reduced information asymmetry between producers and consumers offers both a chance and a threat to producers; it is mainly a threat to those products that consumers perceive as low in quality. Our findings thus should motivate producers to increase their focus on developing high-quality new products that really meet consumer needs, and then marketing them in a way that truthfully reflects their quality. Such products will benefit from reduced information asymmetry, because MWOM spreads good news about their quality quickly among networked consumers.
But the "Twitter effect" also carries more fundamental implications. Because experiential media product quality results from a complex creative process, producing only high-quality products is virtually impossible. The "blockbuster" business model that dominates these industries requires information asymmetry at and shortly after the new product's release, so that producers can redeem investments in products although they have turned out to be creative An alternative reaction, consistent with the quality imperative, would be to retain the current focus on brand names and franchises but base decisions about which brands to turn into a movie more on consumer-perceived quality. This strategy would acknowledge the higher risk of producing experiential media products in the MWOM era but also allow producers to invest in blockbusters (and enjoy the advantages of such products in a globalized world). Such a communications strategy is particularly important for movies targeted at teenagers, who are, as we find, comparatively more influenced by MWOM messages than are family audiences.
Research Implications
For Previous research studying the impact of EWOM on product adoption suggests that especially "buzz" (often equated with anticipatory, pre-purchase EWOM) influences adoption (Asur and Huberman 2010; Liu 2006) . But MWOM changes these dynamics, because post-purchase evaluations can be disseminated very quickly and thus affect a product's lifecycle much earlier than has been previously possible. The focus of studies on personal influence therefore should shift back from volume to valence in the MWOM era.
Our empirical research focuses on movies and Twitter, but it would be interesting to replicate our results by studying the impact of MWOM spread through other channels, such as Facebook status updates, on other experiential media products, such as computer games or books. We provide arguments that the "Twitter effect" is not industry specific, but further research that investigates the role of product context for this effect would be desirable.
Furthermore, this research adds to a stream of studies that employ secondary, aggregate-level data, and we know as yet little about the effect of MWOM messages on individual consumers.
We infer such effects from the adoption behavior of the target audience, but we do not study teenagers' or families' decision processes directly. Focusing on individual consumers' motivations might also help reveal why there were more positive than negative MWOM messages overall in our sample.
Whereas existing research has established a negativity bias in consumers, meaning that consumers are more strongly influenced by negative rather than positive word-of-mouth messages, recent research points to the possibility that temporal contiguity cues mitigate this bias. For example, Chen and Lurie (2011) find that EWOM messages that refer to recent consumption experiences are perceived as less useful. Because MWOM is characterized by its immediacy, such message framing effects may be insightful and should be explored further. post-purchase quality perceptions on large scale and very fast. This "Twitter effect" threatens existing business models for experiential media and other industries, because it increases the relevance of product quality for economic success and shrinks the window in which consumers will adopt a new product without being able to rely on other consumers' quality judgments.
FIGURE 1 Types of Word of Mouth and Their Characteristics
TRADITIONAL WORD OF MOUTH (TWOM)
• Receiver is an individual person or a small group
• Receiver is a potentially large group 
